For some or all of the data instances a number of independentworld clustering issues suffer from incomplete data characterization due to losing or absent attributes. Typical clustering approaches cannot be applied directly to such data unless pre-processing by techniques like imputation or marginalization. We have overcome this drawback by utilizing a Sentenced Discrepancy Measure which we refer to as the Attribute Weighted Penalty based Discrepancy (AWPD). Using the AWPD measure, we modified the K-MEANS++ and Scalable K-MEANS++ for clustering algorithm and k Nearest Neighbor (kNN) for classification so as to make them directly applicable to datasets with non-existence attributes. We have presented a detailed theoretical analysis which shows that the new AWPD based K-MEANS++, Scalable K-MEANS++ and kNN algorithm merge into a local prime among the number of iterations is finite. We have reported in depth experiments on numerous benchmark datasets for various forms of Non-Existence showing that the projected clustering and classification techniques usually show better results in comparison to some of the renowned imputation methods that are generally used to process such insufficient data. This technique is designed to trace invaluable data to: directly apply our method on the datasets which have Non-Existence attributes and establish a method for detecting unstructured Non-Existence attributes with the best accuracy rate and minimum cost.
Introduction
In data analytics, clustering is a fundamental technique which helps to partition a given dataset into healthier groups as well as makes some groups among the data instances with the relative similarity. In general, clustering is used in unsupervised learning as working with nonclass label data. Clustering algorithms attempt to partition a collection of data instances (characterized by some attributes), into completely different clusters specifying the member instances of any given clusters complement one another and they are different from the members of the opposite cluster. In clustering, by the use of suitable algorithm, the similar and dissimilar data create their own groups [1] .
On the other side, classification is a fundamental technique which helps to classify the unobserved data in a given dataset into some classified groups based on relative similarity among the data instances. In addition, classification is generally used in supervised learning as working with class label data.
Clustering and Classification techniques both are extensively used and hence being constantly investigated in statistics, machine learning, and pattern recognition. Clustering and Classification algorithms find applications in the different sector, for example: banking, space research, economics, electronic design, and marketing. It creates a problem of clustering or classification when the dataset presents with the Non-Existence attribute. If we try to cluster or classify in the datasets with a Non-Existence attribute, we will get some inefficient issues such as creating some empty sets and get extra Non-Existence at the end of clustering or classifying in the given dataset [1] . For example, clustering and classification has been using for grouping connected documents in web browsing [2] , classification has been used to trace suspicious (possibly fraudulent) behavior on the basis of previous transactions of customers in banking system, [3] , for formulating effective marketing strategies, it is possible to group or cluster the same types of customers according to their choice of products by using clustering [4] , both clustering and classification techniques have been used for distinguishing dangerous zones on the basis of previous geographical point locations in earthquake [5] , [6] , [7] . However, once we analyze such real-world datasets, we could tend to encounter incomplete data wherever some attributes of a number of the data instances are Non-Existence . For example, web documents could have some invalid hyperlinks. Such Non-Existence is also vital because of a range of reasons like data input errors, inaccurate mensuration, instrumentality malfunction or limitations, and mensuration noise or data corruption and so on. These categories are define as unstructured Non-Existence [8] , [9] . Instead, on the contrary, in structural Non-Existence , all the attributes are not made public for all the data instances inside the dataset. These categories are termed as structural Non-Existence or absence of attributes [10] . For example of structural Non-Existence , credit-card details might not be outlined for non-credit card users of a bank.
The Non-Existence Attribute is an unaccepted data into a dataset where some data instances are Non-Existence . Non-Existences attributes are also called Non-Existence attributes. For researchers, maintaining Non-Existence Attributes has always been a challenge because common learning approaches cannot be directly applied to such inaccurate data, without appropriate preprocessing: Imputation and Marginalization. Once the rate of Non-Existence is low, the data instances with Non-Existence values could also be unnoticed. This approach is called marginalization. Marginalization cannot be applied to data having a large range of Non-Existence values, because it might result in the loss of a large quantity of data. Therefore, sophisticated methods are needed to fill in the vacancies within the data, in order that ancient learning methods may be applied afterward. However, inferences drawn from data having an oversized fraction of Non-Existence values could also be severely crooked, despite the utilization of such sophisticated imputation methods [11] .
Contributions of this research are:
 Formulating K-MEANS++ and Scalable K-MEANS++ clustering and kNN classification problem for datasets with non-existence attributes focused on proposed AWPD.  Providing a new approach named Sentenced Discrepancy Measure (SDM).  Proposing the use of SDM called the Attribute Weighted Penalty based Discrepancy.  Developing those algorithms and approach to prove the new formulation.  Proving the propose algorithm is modified K-MEANS++, Scalable K-MEANS++ and kNN optimization problem formulated with the AWPD measure.  Providing a details of all algorithms for simulating four types of Non-Existence, namely MCAR, MAR, MNAR-1 and MNAR-2.  Showing the results through tables, bar charts and line graph.
. Literature Review
To decide how to handle non-existence data, one needs to know why data are Non-Existence . There are three types of Non-Existence mechanism [9] . These are: Non-Existence Completely at Random (MCAR), Non-Existence at Random (MAR), Non-Existence Not at Random (MNAR). In case of MCAR, Non-Existence value is not depending on both observed and unobserved data. For example of MCAR, A citizen is unable to participate due to reasons unrelated to the survey, like traffic or schedule issues. In case of MAR, Non-Existence attributes are depending on observed attributes but cannot depend on unobserved attributes. For example of MAR, College-goers are less doubtless to report their financial gain than office-goers. However, whether or not a college-goer can report his/her financial gain is freelance of the particular financial gain. MNAR refers to the case wherever Non-Existence is subject to the unobserved attributes of association in nursing instance. As an example of MNAR, people with lower earnings are less doubtless to report their financial gains within the annual income survey.
After that [1] and [15] told that MNAR has two subtypes here is MNAR-1: this only builds on the unobserved attributes. Another one is MNAR-2: this term is builds on the both observed and unobserved attributes. Given datasets with Non-Existence attribute cannot be directly introduced in this dataset. Hence many researchers used imputation method and marginalization (pre-processing) [1] . These are: Zero imputation is the process of changing the dataset with Non-Existence values, it replaces by zero (0). Mean imputation is the process of replacing the dataset with Non-Existence values, first observed full dataset and distance measure by Euclidean distance then replacing the Non-Existence value. k Nearest Neighbor Imputation is applied wherever a Non-Existence attribute of a data instance is countable to have the type of resembling attributes of its k nearest neighbors (on the observed subspace) [12] .
The k Nearest Neighbor (kNN) classifier is the distant and simplest pattern classification techniques. The kNN classifier does not build any previous assumptions concerning the category distributions [13] . The 1NN classifier achieves a chance of error but double the Bayes chance of error once the scale of the training set tends to eternity [14] . The kNN classifier functions by searching the K Nearest Neighbors of a check purpose from among a set of training data instances with best-known class labels [14] .
When the given datasets Non-Existence is at a low level then the usage process is called marginalization. Marginalization means ignoring the Non-Existence [1] .
In [1] and [15] , they proposed that their proposed technique can be directly applied in datasets with Non-Existence attribute. K-MEANS FWPD is a technique which can be directly applied in a dataset with Non-Existence attribute for clustering without any pre-processing such as imputation or marginalization. FWPD is aided in K-MEANS algorithm. kNN-FWPD is a technique used for classification with Non-Existence attributes or absence attributes. FWPD is aided in kNN classifiers.
Methodology

3.1: Sentenced Discrepancy Measure (SDM)
Equation for SDM,
Example:
As determined earlier, one potential thanks to adapt supervised also as unsupervised learning ways to issues with Non-Existence is to change the space or difference measure underlying the training technique. The idea is that the changed Discrepancy measure ought to use the common observed attributes to produce approximations of the distances between the data instances if they were to be absolutely observed. PDM is one of the way. These methods do not need marginalization or imputation but are likely to produce better performances than both of these two. For example, let = { 1 = (1,5), 2 = (2,3), 3 = (3,6)} be a dataset comprising of three points in R2. Then, we collect some value ( 1 , 2 ) =√5 and ( 1 , 3 ) =√5 (where ( , ) being the Euclidean distance among any two fully observed points and in . Guess, This first level associate (1, 5) be unobserved, now this is the incomplete dataset = { ′ 1 = ( * ,5), 2 = (2,3), 3 = (3,6)} ('*') means a Non-Existence value), on which training need to be accomplish. Please remember this, that is the exception of unstructured Non-Existence (Even though the unrecognized value is familiar to exists), as opposite to each other of the structural Non-Existence [10] . We are using ZI, MI and 1NNI severally, we have procure the following refilled in datasets
PDM's incorrect calculations are due to the fact that the distance in the specific observed subspace does not represent the distance in the unobserved subspace [1] .
Therefore, the discrepancies ( 1 , 2 ) and
After the observed distance through two data instences is effectively a lower bound on the Euclidean range among both (if completely observed), applying an appropriate penalty to this lower bound may contribute to a reasonable approximation of the actual distance. This method, named the Sentenced Discrepancy Measure (SDM), could resolve the drawback of PDM. The penalty between 1 and can be calculated by the combination of the amount of attributes this are unobserved for at least one of the two data instances as well as the overall number of attributes throughout the dataset. Then, the Discrepancy δSDM ( 1 , ) between the Inherent calculation of 1 and another ∈P is
3.2: Attribute Weighted Penalty based Discrepancy
Let the A ⊂ ℝ dataset, that is-data instances are every characterized by ℝ values m attributes. Then let comprise of n instances ( ∈ {1,2, . . . . . , }), some that have attributes of non-existence. Let , contribute the set of attributes observed for data point. Subsequently, all of the set of attributes P=⋃ =1 and| | = . The set of attributes observed for all data instances in is described as = ⋂ n =1 | | may or may not be non zero. = \ The set of unobserved attributes which with at least one in data point.
Mark 1:
Let, the distance among any two instances of data , ∈ A in a subspace specified by referred to as the ( , ). Then, the distance observed between these two points' distances in the observed subspace can then be described as
Where , donates the -th attribute of the data instance . for convenience purposes, ⋂ ( , ) is generalized to ( , ) in the reminder of this article.
Mark 2:
If both and were to be fully observed, the Euclidean distance ( , ) between and would define as
Mark 3:
The AWPD between and is defined as
The AWPD between and is
While β (0,1) is a matric [1] , that defines the relative importance of the two terms and is the maximum distance observed in their corresponding typical observed subspaces between any two points in .
3.3: K-MEANS++ with AWPD
This portion introduces, using AWPD measure a reformulation of the K-MEANS clustering for non-existence datasets. Lloyd first proposed the standerd heuristic algorithm for solving the K-MEANS problem in 1957 [17] . The K-MEANS algorithms expands to a regional optimum of the non-convex simulation problem presented by the K-MEANS problem when the Euclidean distance between data points is the Discrepancy used [18] . Main problem of K-MEANS algorithm is initialization problem (randomly). After that the K-MEANS algorithm problem solved by K-MEANS++ algorithm. Its recover by K-MEANS++ algorithm (Smart initialization) [16] .
The proposed K-MEANS++ problem of non-existence attribute datasets using the proposed AWPD measure, referred to as the K-MEANS++-AWPD issue. Therefore, the problem with K-MEANS++-AWPD partitioning the dataset A into k clusters can be formulated as follows:
3.4: The K-MEANS++-AWPD Algorithm
To find the solution to the issue P, that is a non-convex problem program, we presented a heuristic Lloyds algorithm and resolved by [16] based on the AWPD (known as the K-MEANS++-AWPD algorithm) as follows:
1. Starting with a random initial cluster set such that ∑ , = 1 =1 , set = 1 and define the maximum number of smart initialized iterations. 2. Calculate the observed attributes of the cluster (1,2, … , ), of every cluster centroid . For all the data instances in the cluster having observed value for -th attribute of a centroid Should be the average of the corresponding attribute values. If for the attribute in question none of the data instances in observed values, it is essential to maintain the value , −1 of the previous iteration attribute. Therefore, the attribute values are calculated as follow:
Here signifies the set of every ∈ has observed attribute values.
3. Give a subject ( = 1,2, … ) to every data point to the cluster relating to its closest centroid (in AWPD terms). 
3.5: Scalable K-MEANS++ with AWPD
This portion introduces, using AWPD measure a reformulation of the scalable K-MEANS++ clustering for non-existences datasets. Lloyd first proposed the standard heuristic algorithm for solving the K-MEANS problem in 1957 [17] . The K-MEANS algorithms expands to a regional optimum of the non-convex simulation problem presented by the K-MEANS problem when the Euclidean distance between data points is the Discrepancy used [18] . Main problem of K-MEANS algorithm is initialization problem (randomly). After that, the K-MEANS algorithm problem solved by K-MEANS++ algorithm. It is recovered by K-MEANS++ algorithm (Smart initialization) [16] . However, K-MEANS++ have some problem, that means time complexity to large and calculation is high complexity. Its recover by scalable K-MEANS++ algorithm [19] .
The proposed scalable K-MEANS++ problem of non-existence attribute datasets using the proposed AWPD measure, referred to as the scalable K-MEANS++-AWPD issue. Therefore, the problem with scalable K-MEANS++-AWPD partitioning the dataset A into k clusters can be formulated as follows:
3.6: Scalable K-MEANS++-AWPD Algorithm
To find the solution to the issue P, that is a non-convex problem program, we presented a heuristic Lloyds algorithm and resolved by [16] based on the AWPD (known as the K-MEANS++-AWPD algorithm) as follows: 
3.7: kNN with AWPD
Use of the AWPD as the root discrepancy, the kNN classifier can be directly applicable to datasets with Non-Existence attributes. There is no need for preprocesses like marginalization or imputation. In this portion, we have discussed about AWPD aided kNN classifier (kNN-AWPD).
Let us find a P = 1 ∪ 2 Dataset, which 1 ⊂ and 2 ⊂ are the training and testing sets respectively. Let 1 consist of 1 training points 1, ∈ (some of have Non-Existence attributes) and let 1 be the set of correlating class labels 1, , ∈ C ( 1, being the class label of 1, ), where C = {c1, c2, · · ·, } is the set of all possible class labels. Let 2 contain 2 test instances 2, ∈ , ∈ {1, 2, · · ·, 2 }. Furthermore, let η denote the set of k nearest neighbors of a point p among the points in a set A, that is,
The class label 2, of the test points 2, is expected as follows after the kNN-AWPD rules of classification:
In other words, kNN-AWPD predicts the class label of a test point 2, ∈ 2 to be that of the maximum numbers of points from among the k nearest neighbors of 2, in the set of training points 1 . When multiple class labels occur as many as possible, these relations must be overcome by randomly assigning one of those labels to the test point.
Results
In this portion, we reported the results of several experiments to validate the validi ty of the propo-sed K-MEANS++-AWPD and Scalable K-MEANS++-AWPD clustering algorithms and kNN-AWPD classification algorithm. We defined the experimental setup used to test the proposed approaches in the following subsections. The results of the experiments for the K-MEANS++-AWPD algorithm, the Scalable K-MEANS++-AWPD algorithm and kNN-AWPD are respectively presented thereafter. We have presented and discussed the result of four sets of experiment conducted to determine the performance of all these algorithms. The four test sets deal with representations of the respective MCAR, MAR, MNAR-1 and MNAR-2.
Datasets for Clustering
We have taken 10 real-world datasets from the University of California at Irvine (UCI) repository [20] , the Jin Genomics Datasets (JGD) repository [21] and Kaggle datasets [22] . Each attribute of each dataset is normalized so as to have zero mean and unit standard deviation. The details of these 10 datasets are listed in Table 1 : The table and graphs represent the accuracy rate and performances accuracy of Non-Existence attributes by MCAR Non-Existence using Scalable K-MEANS++-AWPD, K-MEANS++-AWPD, K-MEANS-FWPD and Imputation method with K-MEANS clustering algorithm. In this phase, we have compared among these four types of methods. We have seen in this graph, Scalable K-MEANS++-AWPD algorithm is mostly probable to K-MEANS-FWPD algorithm, K-MEANS++-AWPD algorithm and Imputation method. Some of the datasets with K-MEANS++-AWPD has given the best result. The table and graphs represent the accuracy rate performances accuracy of Non-Existence attributes by MAR Non-Existence using Scalable K-MEANS++-AWPD, K-MEANS++-AWPD, K-MEANS-FWPD and Imputation method with K-MEANS clustering algorithm. In this phase, we have compared among these four types of methods. We have seen in this graph, Scalable K-MEANS++-AWPD algorithm is mostly probable to K-MEANS-FWPD algorithm, K-MEANS++-AWPD algorithm and Imputation method. Some of the datasets with K-MEANS++-AWPD and Imputation method has given the best result. Best value in the Bold Phase Figure 6 : Accuracy rate for all datasets point against MNAR-1.
Compare between Direct method and Imputation
Best value in the Bold Phase
The table and graphs represent the performance accuracy and accuracy rate of Non-Existence attributes by MNAR-1 Non-Existence using Scalable K-MEANS++-AWPD, K-MEANS++-AWPD, K-MEANS-FWPD and Imputation method with K-MEANS clustering algorithm. In this phase, we have compared among these four types of methods. We have seen in this graph, Scalable K-MEANS++-AWPD algorithm is mostly probable to K-MEANS-FWPD algorithm, K-MEANS++-AWPD algorithm and Imputation method. Some of the datasets with K-MEANS++-AWPD and K-MEANS-FWPD has given the best result. Figure 7 : Accuracy rate for Direct and Imputation method against MNAR-2. The table and graphs represent the accuracy rate and performance accuracy of Non-Existence attributes by MNAR-2 Non-Existence using Scalable K-MEANS++-AWPD, K-MEANS++-AWPD, K-MEANS-FWPD and Imputation method with K-MEANS clustering algorithm. In this phase, we have compared among these four types of methods. We have seen in this graph, Scalable K-MEANS++-AWPD algorithm is mostly probable to K-MEANS-FWPD algorithm, K-MEANS++-AWPD algorithm and Imputation method. Some of the datasets with K-MEANS++-AWPD and K-MEANS-FWPD has given the best result.
Datasets and results for classification with PDM or SDM
In this section, we have presented and discussed the results of four sets of experiments conducted to evaluate the performance of the proposed kNN-AWPD method. The four sets of experiments respectively deal with simulations of MCAR, MAR, MNAR-1 and MNAR-2. These are simulated by appropriately removing attributes from 5 datasets, taken from the University of California at Irvine (UCI) repository [23] and KAGGLE datasets [22] . The details of the used datasets are shown in Table 6 : 
4.5Compare between Direct method (PDM vs SDM) and Imputation method
In data science kNN-AWPD algorithm is the process of directly applied in dataset. The result of the experiments are listed in the term: The table and graphs represent the performance accuracy and accuracy rate of Non-Existence attributes by MCAR Non-Existence using kNN-AWPD and kNN-FWPD, Imputation method with kNN classification algorithm. In this phase, we have compared among all types of algorithms. We have seen in this graph, kNN-AWPD is mostly probable to all. But some of the dataset are probable by kNN-FWPD measure. The table and graphs represent the accuracy rate and performance accuracy of Non-Existence attributes by MAR Non-Existence using kNN-AWPD and kNN-FWPD, Imputation method with kNN classification algorithm. In this phase, we have compared among all types of algorithms. We have seen in this graph, kNN-AWPD is mostly probable to all. Some of the dataset are given best result in kNN-FWPD measure. The table and graphs represent the accuracy rate and performance accuracy of Non-Existence attributes by MNAR-1 Non-Existence using kNN-AWPD and kNN-FWPD, Imputation method with kNN classification algorithm. In this phase, we have compared among all types of algorithms. We have seen in this graph, kNN-AWPD is fully probable to all. The table and graphs represent the performance accuracy and accuracy rate of Non-Existence attributes by MNAR-2 Non-Existence using kNN-AWPD and kNN-FWPD, Imputation method with kNN classification algorithm. In this phase, we have compared among all types of algorithms. We have seen this graph, kNN-AWPD is fully probable to all. But some of the datasets has given same result with kNN-FWPD.
Conclusion
In this research, we have proposed to use the AWPD measure as a viable alternative to imputation and marginalization approaches to handle the problem of nonexistence attributes in data clustering and classification. The proposed measure attempts to estimate the original duration of each other data points by adding a penalty term to those pair-wise distances which cannot be calculated on the entire attribute space due to non-existence attributes. Therefore, unlike existing methods for handling non-existence attributes, AWPD is also able to distinguish between distinct data points which look identical due to Non-Existence attributes. Yet, AWPD also ensures that the Discrepancy for any data instance from itself is never greater than its Discrepancy from any other point in the dataset. Intuitively, these advantages of AWPD should help us better model the original data space which may help in achieving better clustering performance on the incomplete data. Therefore, we have used the proposed our AWPD measure to put forth the K-MEANS++-AWPD and scalable K-MEANS-AWPD is clustering algorithm and kNN-AWPD is classification algorithm, which are applicable explicitly for datasets with non-existence attributes. We have conducted extensive experimentation on the new techniques using various benchmark datasets and found the new approach to produce generally better results for partition compared with few of them the general imputation approaches which are generally used to control of the non-existence attributes problem. In fact, it is observed from the experiments that the implementation of the schemes of imputation varies with category of nonexistence and the algorithm used for clustering and classification. The proposed approaches, in the other side, exhibits good performance across all types of Non-Existence as well as partition clustering paradigms. The experimental results attest to the ability of AWPD to better model the original data space, compared to existing methods.
However, it must be estimated that, the performance of all these methods, including the AWPD based ones, can vary depending on the structure of the dataset concerned, the choice of the proximity measure used, and the pattern and size of Non-Existence plaguing the data. Fortunately, β parameter embedded in AWPD can be varied in accordance with the extent of Non-Existence to achieve desired results. The results section indicates that it may be useful to choose a high value of β when a massive fraction of the attributes are unobserved, and to choose a smaller value when only a few of the attributes are Non-Existence . However, in the presence of a sizable amount of Non-Existence and the absence of groundtruths to validate the merit of the achieved clustering, it is safest to choose a value
